Determination of urine ionic composition with potentiometric multisensor system by Yaroshenko, Irina et al.
Determination of urine ionic composition with potentiometric
multisensor system
Irina Yaroshenko a,b,c, Dmitry Kirsanov a,c,n, Lyudmila Kartsova a, Alla Sidorova b,
Irina Borisova b, Andrey Legin a,c
a Chemistry Department, St. Petersburg State University, Universitetskaya nab. 7/9, Mendeleev Center, 199034 St. Petersburg, Russia
b Bioanalytical Laboratory CSU “Analytical Spectrometry”, St. Petersburg State Polytechnical University, Box 27, Gzhatskaya Street 27,
198220 St. Petersburg, Russia
c ITMO University, Kronverkskiy pr., 49, 197101 St. Peterssburg, Russia
a r t i c l e i n f o
Article history:
Received 22 April 2014
Received in revised form
6 August 2014
Accepted 11 August 2014
Available online 20 August 2014
Keywords:
Urine ionic composition
Biochemical analysis of urine
Potentiometric multisensor system
Electronic tongue
Chemometrics
a b s t r a c t
The ionic composition of urine is a good indicator of patient's general condition and allows for diagnostics of
certain medical problems such as e.g., urolithiasis. Due to environmental factors and malnutrition the
number of registered urinary tract cases continuously increases. Most of the methods currently used for
urine analysis are expensive, quite laborious and require skilled personnel. The present work deals with
feasibility study of potentiometric multisensor system of 18 ion-selective and cross-sensitive sensors as an
analytical tool for determination of urine ionic composition. In total 136 samples from patients of Urolithiasis
Laboratory and healthy people were analyzed by the multisensor system as well as by capillary
electrophoresis as a reference method. Various chemometric approaches were implemented to relate the
data from electrochemical measurements with the reference data. Logistic regression (LR) was applied for
classiﬁcation of samples into healthy and unhealthy producing reasonable misclassiﬁcation rates. Projection
on Latent Structures (PLS) regression was applied for quantitative analysis of ionic composition from
potentiometric data. Mean relative errors of simultaneous prediction of sodium, potassium, ammonium,
calcium, magnesium, chloride, sulfate, phosphate, urate and creatinine from multisensor system response
were in the range 3–13% for independent test sets. This shows a good promise for development of a fast and
inexpensive alternative method for urine analysis.
& 2014 Elsevier B.V. All rights reserved.
1. Introduction
Chemical analysis of biological liquids (blood, saliva, urine, etc.)
plays a very signiﬁcant role in medical diagnostics. Analysis of
urine is one of the most informative for medical doctor since it
reveals general condition of organism and nutrition character.
Urine is an aqueous solution of various substances in different
concentrations. It is a convenient object for analysis, components
being easily extracted or analyzed right after plain dilution step.
Any serious deviation from the normal composition of urine
indicates certain metabolic disorder. One of the most widespread
metabolic disorders is urolithiasis characterized by the formation
of stones in the kidneys and urinary organs [1].
The stone formation begins if equilibrium between urine compo-
nents is disturbed. The main markers of urolithiasis are separated
into promoters and inhibitors. Increased concentrations of promoters
(calcium, ammonium, oxalate, phosphate, urate) indicate a risk of
possible stone formation. The presence of inhibitors (magnesium,
citrate) reduces a possible stone formation since these components
enter into competing interaction. The history of urolithiasis markers
study is very long [2] and the interest to this issue is growing. The
main problem of urolithiasis is that at early stages this disease
proceeds asymptomatically. The patient becomes aware of his illness
only when the stone is already formed and starts obstructing normal
organism activities [3]. Early diagnostics is a half of successful
treatment, thus biochemical analysis of urine ionic composition is
very important to ﬁght against the urolithiasis. The adequate medical
conclusion can be given in laboratory on the basis of biochemical
analysis consisted of 14 parameters: contents of sodium, potassium,
ammonium, calcium, magnesium, chloride, sulfate, phosphate, oxa-
late, citrate, urate, creatinine, pH level and density. Also a registration
of sex, age and diuresis is required. The analysis of combination of
these parameters can indicate a possible stone formation [4].
Various analytical methods are employed on routine basis
for determination of urine composition in medical laboratories.
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Capillary electrophoresis (CE) is considered to be one of the most
accurate analytical techniques for urine analysis, offering a num-
ber of simple techniques for quantiﬁcation of inorganic and
organic cations and anions in urine. Direct and indirect UV-
detection is used most often in CE [4–10]. Spectrophotometric
techniques are applied for calcium, magnesium, phosphate, uric
acid and creatinine quantiﬁcation. In this case a preliminary
derivatization reaction with speciﬁc agent is required to yield
colored substance which can be analyzed [11]. Ion-selective
electrodes are employed for determination of sodium, potassium
and chloride [12].
There are also a number of approaches for urine analysis which
were suggested in literature but were not massively introduced
into a common laboratory practice so far. A very interesting
diagnostic technology is so called “Lithos-system” [13]. The main
principle of this system is in observation of crystals of the dried
urine sample. The shape and arrangement of crystals is further
compared with certain standard ﬁgures and this methodology
allows to judge on the risk of stone formation [13].
Determination of urine components can be carried out using
ion chromatography with piezoelectric or conductivity detectors
[14,15]. Classical chromatography (liquid and gas) can be success-
fully applied for analysis of nonionic substances [16–18]. Creati-
nine and urate as uric acid can be quantiﬁed with liquid chroma-
tography–tandem mass spectrometry in urine samples [16,17]. The
derivatization with 2,3,4,5,6-pentaﬂuorobenzyl bromide is used
for creatinine determination in urine sample by gas chromatogra-
phy–tandem mass spectrometry [18].
The application of electrochemical methods for urine compo-
nents analysis is usually hindered by the presence of interfering
signals. For example, limited selectivity towards different ions of
PVC-plasticized potentiometric sensors in the presence of ammo-
nium lead to attempts to create more selective electrodes for
sodium [19] and calcium [20]. An important issue is adsorption of
organic urine components on a membrane surface, which leads to
reduced reproducibility and lifetime of the sensors. The authors of
[21] proposed to use solvent–solvent extraction, membrane-
immobilized solvent extraction and solid phase extraction to
remove lipophilic compounds from urine samples. However, such
kind of sample preparation signiﬁcantly reduces the beneﬁts of
sensors ensuring fast and simple analysis.
There are many reports on application of different biosensors
for urine analysis. The analytical signal of these devices is typically
based on reactions of target analyte with a biomolecule immobi-
lized on the surface of chemically modiﬁed electrode [22]. The
content of urate or oxalate in urine can be determined by
biosensors based on uricase [23] or oxidase [24] respectively.
The main advantage of biosensors is their high selectivity due to
speciﬁcity of biological reactions. However, it is often hard to
obtain reproducible microstructure of a substrate layer to warrant
good batch reproducibility.
The idea to use the sensor arrays (“electronic tongues”) for
simultaneous determination of numerous chemical parameters
seems to be quite obvious for urine analysis and there were several
attempts reported in literature [25–27]. The authors of [25] have
proposed the sensor array consisting of urea biosensor and ion-
selective electrodes for ammonium, potassium, sodium, hydrogen
and one sensor with generic response towards alkaline ions. The
response of the array in 37 model solutions was processed with
artiﬁcial neural network (ANN) and partial least squares (PLS) to
construct regression models for simultaneous quantiﬁcation of
urea, ammonium, potassium and sodium. Validation was done
with 21 samples (three real urine samples and 18 spiked samples
were prepared by addition of different quantities of urea, ammo-
nium, potassium and sodium). It was possible to quantify indivi-
dual components with relative errors around 8% for ANN-models
and 13% for PLS-models. Later the same authors extended this
sensor array with a creatinine biosensor [26]. TRIS buffer (tris
(hydroxymethyl)aminomethane) pH¼7.5 was used as a solvent
since biosensors require this acidity level to support the catalytic
activity of the enzymes. The training of this systemwas performed
on 27 model solutions consisting of ﬁve analytes in various
concentrations. Independent test-set (13 model solutions) was
applied for validation and after that 11 samples (three real urine
samples and eight spiked samples were prepared by addition of
different quantities of urea, creatinine, ammonium, potassium and
sodium) were analyzed. The maximum relative error was 9% in the
determination of creatinine [26].
Another report [27] dealt with the sensor array of eight 8 metallic
electrodes (Co, two component alloys – Sn/Pb, Cu/P, Cu/Zn, four
alloys of silver – Ag/Cu/Zn/Cd, Ag/Cu/Sn, Ag/Cu/Zn/Sn – in two
different ratios) and ﬁve polymeric membrane sensors. The purpose
of the study was to detect urinary system dysfunctions and to
analyze creatinine levels. 51 urine samples were classiﬁed in four
classes according to the creatinine content by PLS-Discriminant
Analysis (PLS-DA) and neural net. It was shown that this sensor
system is able to distinguish between urine samples from healthy
patients and those with malignant and non-malignant tumor
diagnosis of bladder.
The idea of the present study was to construct the sensor array
which would be capable of exhaustive analysis of urine ionic
composition. These data are of ultimate importance for early
medical diagnosis of several disorders, such as e.g., urolithiasis.
Furthermore the intention was to validate this approach with
sufﬁcient number of real urine samples employed in independent
test sets. The issue of proper validation of promising methods is,
unfortunately, ignored in literature pretty often and far-reaching
conclusions are being done just with cross-validation on model
samples or only a small number of real ones. This is not enough for
proper evaluation of such systems for urine analysis.
2. Materials and methods
2.1. Urine samples preparation
136 urine samples were collected for this study. 117 samples from
patients were provided by Urolithiasis Laboratory (Medical Center of
Laboratory Diagnostics, St. Petersburg). 19 samples from healthy
people were collected from persons who did not express complaints.
The accumulation of sufﬁcient number of samples took about six
months since only three to six urine samples per week are available
from the Urolithiasis Laboratory. All urine samples (50 ml of each)
were frozen in a biomedical fridge at 251C. The literature suggests
that ionic composition of urine varies by less than 5 percent on
freezing-thawing during 5 years [28].
The urine samples were prepared for analysis with potentio-
metric multisensor system by unfreezing on a water bath at room
temperature (25oC) and then by thorough mixing. 10 ml of urine
were diluted with 90 ml of distilled water and the resulted
solution was employed for direct potentiometric measurements.
Each sample was measured in 4 physically different replicas.
Replicated measurements were randomized between the samples.
2.2. Potentiometric multisensor systems
The potentiometric multisensor system consisted of 19 chemical
sensors. Ten ion-selective electrodes for Naþ , Kþ , NH4þ , Ca2þ , Mg2þ ,
Ca2þþMg2þ , NO3 , Cl , CO32 , SO42 were prepared based on standard
Flukas ionophores following the producer recommendations. Five poly
(vinylchloride) (PVC)-plasticized anion-sensitive sensors were based on
various anion-exchangers, three were PVC-plasticized cation-sensitive
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sensitive sensors based on different tetraphenyl borate derivatives and
ﬁnally one standard glass pH-electrode. Besides that the system
contained the standard Ag/AgCl reference electrode. All sensors were
connected with shielded wires to the 32-channel high input impedance
digital mV-meter (Sensor Systems, LLC, St. Petersburg, Russia). Potential
readings were recorded with 0.1 mV precision in a custom made
software installed on a Windows PC. Measurement time in each urine
sample was 3min. After that the sensors were washed with three
portions of distilled water for 1 min each. All samples were measured
four times. This was done with physically different portions of the same
sample. Normally four or ﬁve urine samples were defrosted per day and
all their replicates were measured in a random order. The results were
averaged over the replicas for further processing, the resulted data
matrix from the sensor system was 136 samples19 sensors.
2.3. Reference data on urine samples
All urine samples were analyzed by capillary electrophoresis as a
reference method in Bioanalytical Laboratory CSU “Analytical Spec-
trometry” (St. Petersburg, Russia) according to the procedure
described in [4]. Capillary electrophoresis system “Capel 105 M”
(Lumex, Russia) with spectrophotometric detector with a wavelength
range 190–400 nm was used for analysis of inorganic cations
(calcium, magnesium, sodium, potassium, ammonium) and anions
(chloride, sulfate, phosphate) in urine samples diluted in 400–800
times. The content of organic components (oxalate, citrate, urate,
creatinine) in 5–20 times diluted urine sample was determined by
capillary electrophoresis system Agilent 1100 CE (Agilent, USA) with
diode array detector (190–600 nm). pH-level of urine samples was
analyzed by pH-sensor InLab Expert Pro (Mettler Toledo, Switzer-
land). Urine density was evaluated by refractometer IRF-454 B2M
(Kazan Optical and Mechanical Plant, Russia).
The data matrix from reference methods was 136 samples
14 concentrations.
To yield the medical conclusion on the results diuresis (urine
amount excreted per day) has to be considered. For this purpose
concentration of particular component in [mmol/l] is multiplied by
diuresis in [l/day] to yield the concentration in [mmol/day]. This
value is compared with the norm for medical conclusion.
2.4. Data processing
Principal Component Analysis (PCA) was employed for explora-
tory data analysis. PCA is widely in use in modern analytical
chemistry and detailed description can be found elsewhere [29].
PCA models were computed with The Unscramblers 9.7 (CAMO
Software AS, Norway).
Logistic Regression (LR) is a type of probabilistic statistical
classiﬁcation model. It is used for prediction of a categorical
dependent variable (i.e. a class label) based on predictor variables
(features). In binary Logistic Regression, the outcome is usually
encoded as “0” or “1” as this leads to the most straightforward
interpretation. In this study class labels were “unhealthy” or
“healthy” and the features were the reference data or the data
from the multisensor system. All patients of Urolithiasis Labora-
tory were considered to be unhealthy. The probability p(X) of a
class label is calculated as follows:
pðXÞ ¼ e
β0þβ1X1þ⋯þβnXn
1þeβ0þβ1X1þ⋯þβnXn ; ð1Þ
where β0, β1…βn are coefﬁcients of the model, X1…Xn – predictors
(sensor responses or reference data on ionic composition from
capillary electrophoresis), and n – number of a predictor.
In assessing statistical medical data it is recommended to
consider a prevalence rate for particular location [30]. For this
purpose β0 is transformed in β0n
βn0 ¼ β0þ ln
π
1π ln
πn
1πn; ð2Þ
where π is a morbidity for a certain location (in case of urolithiasis
it is up to 15% (π¼0.15) [1]);
πn – a number of the incidence of the disease in the particular
study (in our case we have 117 cases seeking medical attention
among 136 samples (πn¼0.86)).
LR models were computed with RStudio (Version 0.98.501) and
R (Version 3.0.2) [31].
The quantiﬁcation of urine components with multisensor
system was the main objective of this work. PLS regression was
applied for this purpose. Detailed description of PLS regression
technique can be found in [29]. The data on ionic composition of
urine samples obtained from capillary electrophoresis were
employed as reference in modeling. PLS models were computed
with The Unscramblers 9.7 (CAMO Software AS, Norway).
3. Results and discussion
3.1. Selecting the optimal sample dilution
The range of ionic composition of urine in the sample set is
known from the reference data. On the other hand, we know the
working concentration range of the ion-selective sensors in the
array. The comparison shows that for analysis with a multisensor
system all the samples can be diluted 5–20 times. It is also
noteworthy that dilution can help ﬁghting against the adsorption
of organic molecules on polymeric sensor membranes. The series
of experiments was performed to select the most appropriate
dilution rate. For this purpose urine content in the water was
varied over three levels: 5, 10 and 20%. Urine portions from the
same patient were measured ﬁve times consequentially at each
dilution with multisensor system and sensor readings in these
replicas were recorded. Moreover, sensor readings in ﬁnal washing
water between the measurements were also registered. The
stability of sensor responses in the water indicates the stability
of the sensor array (an imaginary instrument's “baseline”).
For each sensor the standard deviation value in ﬁve replicated
measurements in the urine sample and in ﬁve corresponding washing
water were calculated. Table 1 shows resulted sums of standard
deviations for all of the sensors of the array for three dilution levels.
These results show that with increasing content of the urine
the reproducibility of sensor response increases while that in
water gets worse. Probably this is associated with higher inter-
ference due to more pronounced interaction of organic matter
with polymeric sensor membranes at lower dilution rates, which
leads to poorer washing. As a compromise between these trends
tenfold dilution was chosen for all further experiments.
3.2. Stability testing of sensors
All 136 urine samples were analyzed by the multisensor system.
It is known [21] that organic components of urine can adsorb on a
Table 1
The sum of standard deviations of sensor response in replicate measurements at
different dilutions levels (mV).
Sample dilution
5% 10% 20%
Sample 194 109 79
Water 112 121 154
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surface plasticized polymeric membranes causing drift in response
values. It was necessary to clarify the impact of this process on the
measurements. For this purpose one particular urine sample was
split into several portions which were analyzed each day thrice
during the whole experiment. The results of these measurements
are represented in Fig. 1.
As an example Fig. 1 shows the responses stability of four
sensors through 23 days of measurements. For all 19 sensors the
standard deviation values of potentials were within 2–10 mV,
which is probably due to rather high dilution level and extensive
washing procedure. This stability was considered to be reasonable
for multisensor measurements.
3.3. Exploratory data analysis
PCA was applied to get the initial insight into the data. PCA
score plots obtained from capillary electrophoresis and multi-
sensor system data (Fig. 2) did not demonstrate the separation
between the classes of patients and healthy people. Neither some
clustering was visualized in higher PCs. The plots are different and
the variance structure is also different for these two methods. The
percentage of the explained variance in the ﬁrst ten PCs was as
follows: 39, 33, 12, 6, 3, 2, 2, 1, 1, 1% – for multisensor system data
and 43, 14, 7, 7, 6, 6, 5, 5, 4, 3% – for data from capillary
electrophoresis. The low percentage of the explained variance in
the ﬁrst PCs can be attributed to the fact that there are numerous
sources of variance in the data. Thus, the main variability in the
data is not associated with a person's status with respect to
urolithiasis. This is quite obvious since the urine ionic composition
depends on a gender, age, diet and habits. Medical doctors use a
complex combination of several parameters for diagnostics. These
factors are not highlighted in an overall variance structure and
consequently in PCA score plots.
3.4. Classiﬁcation of samples
Logistic Regression models were calculated for two data sets
obtained from capillary electrophoresis and potentiometric multi-
sensor system measurements. All samples were split into calibra-
tion (101 samples) and validation (35 samples) sets. Probability of
class label (unhealthy (1) or healthy (0)) was calculated taking into
consideration the incidence of urolithiasis. Prevalence of urolithia-
sis is up to 15% (π¼0.15) [1] while in our data set which was
employed for LR calibration there were 87 cases seeking medical
attention among 101 samples (πn¼0.86). The corresponding β0
values were corrected as described in the experimental section.
The LR models were validated by an independent test-set
which contained the data on 30 unhealthy and 5 healthy persons.
The results of this analysis are prediction errors in class label
(unhealthy or healthy) from the two data sets. A “0” value was
assigned to healthy people and “1” characterizes the patients of
Urolithiasis Laboratory. LR models predict the class label for each
sample. The probability p(X) of a class label for each sample has
the value between “0” and “1”. p(X) values which are close to “1”
assume that there is a high probability of being unhealthy for
particular patient.
It is important to establish reliable decision boundary for LR
classiﬁer. This boundary determines which particular value of p(X)
is used to distinguish between two classes. We have p(X) values of
a class label for each sample. Then we choose some particular level
p(X) and calculate a number of errors (unhealthy as healthy and
healthy as unhealthy) in %. Then we choose new level p(X) and
calculate a number of errors in this case. This operation is repeated
with all p(X) values between “0” and “1”. The way to choose this
boundary is to determine p(X). which allows for minimal sum of
errors in determination of classes for all samples (Fig. 3). These
operations were performed for calibration set only.
Fig. 3 demonstrates minimal sum of errors at decision bound-
ary 0.2 – for capillary electrophoresis data and 0.04 – for multi-
sensor system data.
At these values of decisions boundary the confusion matrix was
calculated (Table 2).
It can be seen that LR in case of capillary electrophoresis (CE)
allows for 100% precise classiﬁcation of the samples, which is not
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Fig. 1. The responses of four sensors during the experiment.
Fig. 2. PCA score plot for multisensor system data (a) and for capillary electro-
phoresis data (b).
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surprising since these CE data are employed by medical doctors for
deriving their conclusions, thus LR in this case just emulates the
performance of a medical specialist. Classiﬁcation precision was
somewhat lower when LR models were constructed with poten-
tiometric data, in total 7 out of 35 patients were misclassiﬁed.
3.5. Quantitative analysis
The quantiﬁcation of urine components with multisensor system
was the main objective of this work. PLS regression models were
constructed with reference data from biochemical laboratory. In case
of potentiometric sensors there is a linear dependence between
sensor response in mV and logarithm of ion concentration (activity).
Thus before modeling the reference data on ion content from
capillary electrophoresis were translated into logarithmic scale.
Two parameters (pH level and density in g/l) were used as is.
40 randomly selected samples were employed as independent
test set, while the rest of the samples were employed for building
cross-validated PLS1 regression models for each of the 12 para-
meters. The number of components in PLS models was selected
according to traditional criteria – the minimum at the “RMSEP” vs.
“number of PLS components” curve. The number of components
was typically three (four components were optimal only for
ammonium and oxalate). Table 3 represents the results of predic-
tion of these 12 parameters in 40 independent test set samples.
Fig. 4 shows typical view of the “measured vs. predicted” plot for
ammonium to give an impression on precision of the model at low
and high concentrations of analyte.
It was found that potentiometric multisensor system can deter-
mine concentrations of certain urine components with mean relative
errors in the range 3–13%. The precision in determination of some
analytes (oxalate and citrate) was comparatively low. This may be
due to the fact that the calibration range for these two ions was quite
narrow. Another reason is that signiﬁcant background concentration
of chloride hinders simultaneous determination of small amounts of
other ions due to selectivity reasons. Surprising correlation with
phosphate content (which is hardly available from potentiometric
measurements with polymeric membranes due to its high hydro-
philicity) can be partially explained by the fact that this value has
reasonably high intercorrelation with all other parameters. For
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Fig. 3. The choice of decision boundary: (a) – capillary electrophoresis data, and (b)
– multisensor system data.
Table 2
Confusion matrix obtained for validation of LR models with independent test set of
35 persons.
Unhealthy as healthy Healthy as unhealthy
Capillary electrophoresis data 0/30 0/5
Multisensor system data 4/30 3/5
Table 3
The mean relative errors in determination of urine compounds (from independent
test sets of 40 samples).
Calibration range (mmol/l) MRE (%)
Sodium 3.8–255.5 2.7
Potassium 4.2–100.0 8.6
Ammonium 4.0–81.8 7.2
Calcium 0.6–10.7 11.6
Magnesium 0.7–8.7 12.3
Chloride 11.1–222.3 3.1
Sulfate 1.5–25.9 10.9
Phosphate 3.1–48.4 8.2
Oxalate 0.1–0.4 17.0
Citrate 0.2–5.5 21.5
Urate 0.5–7.0 11.5
Creatinine 2.1–26.7 11.6
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Fig. 4. Measured vs. predicted plot for ammonium.
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example PLS1 regression built with CE data on all ions for prediction
of phosphate has R2 values around 0.75 in validation.
A high correlation of sensor responses with creatinine and
urate contents deserves separate discussion. Сreatinine is one of
the end products of protein metabolism in human body, its
content being important for medical doctors to judge on condition
of kidneys and human muscular system. Creatinine is a convenient
substance for potentiometric determination because at pH below
12.3 it exists in a cationic form (pKa¼12.3), which can be
determined by cation-sensitive sensors. The authors of [27] did
manage to achieve RMSEP values for creatinine determination of
0.0019 mol/l in model urine samples.
Uric acid and its salts – urates are the end products of purines
metabolism. Increased concentrations of urate indicate a possible
stone formation. It is dibasic acid (pKa1¼5.8, pKa2¼10.3). In urine
it forms an anion, which can be analyzed by potentiometric
sensors. pH level of urine is normally in the range 5.5–7.0 [1].
The forms of these analytes in real urine samples are shown in
Fig. 5. It is assumed that the observed sensitivity of the sensor
array towards creatinine and urate levels is associated with these
ionic forms; however this issue requires further detailed studies.
In certain cases multisensor system is able to evaluate not only
chemical parameters, but also physical. It was possible to determine
the density of urine during the analysis. Certainly, the urine density
depends on chemical composition. It was established that reference
data and multisensor system can help determining density with
mean relative errors about 5% and 8%, respectively, by means of
corresponding PLS models with independent test set validation.
4. Conclusions
Potentiometric multisensor system can be employed as con-
venient tool for rapid assessment of 10 ionic substances in human
urine (sodium, potassium, ammonium, calcium, magnesium,
chloride, sulfate, phosphate, urate, creatinine). The validation of
the PLS regression models for quantitative determination of
particular constituents with large independent test sets allows
for mean relative errors below 10% for major urine components
(sodium, ammonium, chloride) and below 15% for the rest. The
lack of potentiometric selectivity can be effectively compensated
in the framework of multisensor approach and chemometric data
processing. The further development of this approach into clinical
practice looks promising since it is much cheaper and faster than
e.g., capillary electrophoretic measurements.
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Fig. 5. The forms of creatinine (a) and uric acid (b) in real urine samples.
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